In Brief
Reetzke et al. show that as adults are trained to categorize non-native speech sounds, sensory encoding of non-native speech sound patterns improves only after an expert level of behavioral performance. Training-induced changes in sensory encoding relate to behavioral performance and endure beyond the period of training.
SUMMARY
Although challenging, adults can learn non-native phonetic contrasts with extensive training [1, 2] , indicative of perceptual learning beyond an early sensitivity period [3, 4] . Training can alter low-level sensory encoding of newly acquired speech sound patterns [5] ; however, the time-course, behavioral relevance, and long-term retention of such sensory plasticity is unclear. Some theories argue that sensory plasticity underlying signal enhancement is immediate and critical to perceptual learning [6, 7] . Others, like the reverse hierarchy theory (RHT), posit a slower timecourse for sensory plasticity [8] . RHT proposes that higher-level categorical representations guide immediate, novice learning, while lower-level sensory changes do not emerge until expert stages of learning [9] . We trained 20 English-speaking adults to categorize a non-native phonetic contrast (Mandarin lexical tones) using a criterion-dependent sound-to-category training paradigm. Sensory and perceptual indices were assayed across operationally defined learning phases (novice, experienced, over-trained, and 8-week retention) by measuring the frequencyfollowing response, a neurophonic potential that reflects fidelity of sensory encoding, and the perceptual identification of a tone continuum. Our results demonstrate that while robust changes in sensory encoding and perceptual identification of Mandarin tones emerged with training and were retained, such changes followed different timescales. Sensory changes were evidenced and related to behavioral performance only when participants were overtrained. In contrast, changes in perceptual identification reflecting improvement in categorical percept emerged relatively earlier. Individual differences in perceptual identification, and not sensory encoding, related to faster learning. Our findings support the RHT-sensory plasticity accompanies, rather than drives, expert levels of non-native speech learning.
RESULTS AND DISCUSSION

Sound-to-Category Training Paradigm
We trained 20 native English-speaking adults using a criteriondependent sound-to-category training paradigm ( Figure 1 ; STAR Methods) [13] . As shown in Figures 2A and 2B , each participant was monitored across three operationally defined learning phases until criterion behavioral performance was achieved and maintained. Participants were considered novice at the first training session. Participants took 4-13 days (M = 7.10, SD = 2.81) to reach the experienced learning phase, defined as maintaining behavioral accuracy comparable to native Chinese participants (>90% accuracy) for 3 consecutive days. Participants were then over-trained for 10 additional days beyond the experienced phase to ensure stability in behavioral categorization. 8 weeks post-training, we evaluated retention of behavioral performance [14] . To further test participants' behavioral mastery of Mandarin lexical tone categorization, at each phase we probed learning through two secondary tasks ( Figure 1B ): speech categorization under a dual-task constraint and generalization to untrained stimuli.
To examine training-induced changes in perceptual identification, we assayed identification accuracy and reaction times for tones drawn randomly from a seven-step tone continuum that ranged from the level to the rising Mandarin lexical tone ( Figure 1C ). To examine training-induced changes in sensory encoding of non-native speech sound patterns, we measured neural tracking of the four Mandarin lexical tone fundamental frequency (F0) contours using the frequencyfollowing response (FFR) ( Figure 1D ), a pre-attentive measure of synchronous sound-evoked neural activity that encodes acoustic details of the incoming stimulus along the early auditory pathway (see STAR Methods) [15] [16] [17] . English learners' performance on all tasks was compared to native Chinese participants whose categorization performance was used to establish the training criterion.
Speech Categorization under Dual-Task Constraint
A standard for determining mastery of perceptual learning is to examine the extent to which that behavior is automatic, or maintained while performing another task in parallel under a dual-task constraint [18] [19] [20] . As demonstrated in Figure 2C , initially learners' speech categorization under dual-task constraint significantly differed from native participants (accuracy: b = À0.399, SE = 0.036, t = À11.117, p < 0.001; reaction time: b = 586.100, SE = 192.840, t = 3.039, p = 0.004). However, once learners reached the experienced phase, speech catego- A) Trial procedure for the sound-to-category training task. Each trial began with a fixation cross in the center of the screen for 750 ms. A Mandarin lexical tone was presented for a fixed duration (440 ms). Participants were given unlimited time to categorize the tone into categories 1, 2, 3, or 4. Corrective feedback (1,000 ms) was presented 500 ms following participants' response. (B) Left: Training blocks involving the dual-task design required participants to make ''value'' and ''size'' judgment responses while categorizing the Mandarin lexical tones. Right: In a separate generalization task, participants were instructed to categorize stimuli produced by untrained speakers (denoted by the blue waveform). (C) Perceptual identification task. Top: The seven-step tone continuum from the level (red) to the rising (blue) Mandarin lexical tone and the trial procedure used to probe perceptual identification of tone categories (see STAR Methods). Bottom: The average identification function from native Chinese participants (n = 13) and identification reaction times for tone identification. Closed and open circles correspond to mean identification percentage for the level and rising Mandarin lexical tones, respectively. Despite the continuous acoustic change, native Chinese participants exhibit a steep perceptual identification slope near the category boundary at the midpoint of the continuum (tone token 4) and are slower to label stimuli near the boundary [10] [11] [12] . Shaded areas and error bars denote ± SEM. (D) Neural tracking of Mandarin lexical tone F0. Top: Waveform and autocorrelogram of an example Mandarin lexical tone. Bottom: Corresponding frequencyfollowing response (FFR) and autocorrelogram from a native Chinese participant. The autocorrelogram provides visualization of autocorrelation over a 40-ms sliding window and allows an estimation of the extent to which the FFR follows F0 changes characterizing the Mandarin tone stimulus (see STAR Methods). The colors represent the strength range of the correlation from high (white; value = 1) to low (dark red; value = À1).
Generalization to Untrained Stimuli
A critical test of the mastery of perceptual learning is the extent to which learning generalizes beyond trained stimuli [14] . As shown in Figure 2D , novice learners significantly differed in categorization of untrained stimuli relative to native participants 
Training-Induced Changes in Perceptual Identification of Tone Categories
At each learning phase, we measured the extent to which perceptual identification became more categorical as a function of learning phase by measuring the slope of the tone-identification labeling curve (perceptual slope) and the peak of identification reaction times (peak RT; see STAR Methods). Tone-identification labeling curves and reaction times are shown for each learning phase relative to native performance in Figures 3A and 3D , respectively. Before training, novice learners exhibited a shallower perceptual slope and invariant identification reaction times across the tone continuum, compared to native participants (perceptual slope: b = À1.226, SE = 0.306, t = À4.003, p < 0.001; peak RT: b = À150.140, SE = 71.790, t = À2.091, p = 0.039). However, as shown in Figures 3B and 3E , once learners reached the experienced phase, they demonstrated a steeper perceptual slope and slowing of reaction times at the categorical boundary; this performance was not statistically different from native participants Training-Induced Changes in Sensory Encoding of Mandarin Lexical Tone F0 Contours At each learning phase, we measured the FFR to assess changes in neural tracking of the F0 of each of the four Mandarin lexical tones using two well-established metrics: peak autocorrelation, which reflects the robustness of neural phase locking to the F0 contour, and stimulus-to-response correlation, which reflects neural fidelity of F0 tracking [15] (see STAR Methods). Analyses focused on neural tracking of Mandarin tone F0 contours across learning phases as this is the dominant cue for tonal recognition in native speakers of Mandarin Chinese [5, [21] [22] [23] [24] . A repeated-measures ANOVA on both metrics showed a main effect of learning phase (peak autocorrelation: F 3, 57 = 3.49, p = 0.033, h p 2 = 0.16; stimulus-to-response correlation: Planned comparisons showed that gain in peak autocorrelation did not emerge until the over-trained learning phase ( Figure 3G ) (over-trained versus novice: t 19 We conducted Welch two-sample t tests (Bonferroni-corrected) to compare learners' sensory encoding of Mandarin lexical tones at each learning phase to native participants. For the peak autocorrelation metric, learners initially differed from native participants in robustness of neural phase locking to the F0 contour of the Mandarin tone stimuli 
Sensory and Perceptual Predictors of Days to SpeechLearning Criterion
We investigated the extent to which novice measures of perceptual identification and neural tracking of Mandarin lexical tone F0 patterns predicted the number of training days needed for participants to reach the experienced learning phase. Spearman's rank correlation coefficients revealed that participants' novice perceptual slope negatively related to days to experienced criterion (r s = À0.519, p = 0.023), suggesting that individuals with a sharper pre-training perceptual slope required fewer days to criterion ( Figure 3C ). While peak identification reaction time was not significantly predictive of days to criterion (r s = À0.351, p = 0.153), the trend of the correlation was in a similar direction (Figure 3F) . Neither of the neural tracking metrics significantly related to days to reach criterion (stimulus-to-response correlation: r s = 0.091, p = 0.702; peak autocorrelation: r s = À0.111, p = 0.641) ( Figure 3I ).
Patterns of Sensory Encoding Predict Patterns of Behavioral Speech Categorization
To investigate the relationship between sensory encoding and behavioral categorization of the Mandarin lexical tones across learning phases, we used a Hidden Markov model classifier to decode Mandarin lexical tone categories from the FFRs of each participant (see STAR Methods). Spearman's rank correlation coefficient was calculated to relate the neural confusion matrix provided by the classifier with behavioral patterns of speech categorization from each participant's generalization task performance ( Figure 4A ). We found that the neural-behavioral relationship between individual patterns of neural decoding and behavioral patterns of untrained Mandarin lexical tone categorization increased across learning phases ( Figure 4B 
General Discussion
We examined the time-course, behavioral relevance, and longterm retention of changes in sensory encoding of non-native speech sound patterns as adults learned to categorize a nonnative phonetic contrast across different phases of speech learning. Our results show that learners reached criterion based on native performance, maintained behavioral performance under dual-task constraint, and generalized performance to untrained stimuli, satisfying rigorous standards for perceptual learning mastery [14, [18] [19] [20] . While changes in the perceptual identification of tone categories were evidenced at the experienced learning phase, significant changes in sensory encoding of untrained Mandarin lexical tones emerged only after the over-trained learning phase (Figure 3) . Correspondence between patterns of sensory encoding and behavioral categorization of Mandarin lexical tones were also strongly related at this phase. Despite the different timescales for perceptual and sensory plasticity, after 8 weeks post-training, both perceptual changes and sensory-encoding gains were retained. Our findings suggest that sensory enhancement of incoming stimulus features is not critical for early stages of speech perceptual learning. Rather, in line with the RHT, we posit that enhanced sensory encoding observed at a later learning phase is an outcome of perceptual mastery.
Our results diverge from theories that suggest that perceptual learning is primarily driven by sensory processing enhancement [6, 7, 25 ] but closely align with the RHT, which indicates low-level sensory enhancement emerges at expert stages of perceptual learning [9, 26, 27] . Consistent with RHT, we posit that novice performance is guided by abstract categorical representations [8, 9] , likely the result of receptor-field plasticity at higher levels of the sensory processing hierarchy [28] . The emergence of categorical percept may facilitate the top-down guided tuning of lower levels of the auditory hierarchy with the goal of signal enhancement. In line with this idea, animal models have revealed top-down gated sensory enhancement of selective features of incoming acoustic stimuli following different forms of auditory training [29] [30] [31] . Our findings suggest that native listeners and over-trained learners may be able to operate at the level of category-based perception and reach down to lower levels of the sensory hierarchy for tuning of behaviorally relevant signals, depending on the nature of the task [32, 33] . Learners who demonstrated better perceptual identification of tone categories (thought to reflect higher-level attention-driven processes [34]) at the novice learning phase took fewer days to reach the learning criterion ( Figure 3C ). In contrast, measures of neural tracking of non-native speech sound patterns did not relate to faster learning ( Figure 3I ). Taken together, these studies and our findings suggest that slow changes observed in the sensory encoding of relevant stimulus features (i.e., Mandarin lexical tone F0 contours) may be an outcome of sensory tuning guided by expertise in higher-level categorical perception.
Previous studies using the FFR as a metric have revealed training-induced enhancement in sensory encoding of non-native speech sound patterns in human adults [5, 21, 35] ; however, the neurophysiological changes observed have been restricted to specific tones [5] or selective portions of the incoming stimulus [36] . A limitation of previous studies is the large individual differences in learning, likely arising from circumscribed training regimens [5] . In contrast, we show that training-induced improvement in sensory encoding following an individually focused, criteriondriven approach is not tone specific, with overall sensory enhancement observed and retained. This approach allowed for a systematic examination of the neurophysiological changes underlying different phases of perceptual-learning expertise, as all participants were trained to similar levels of behavioral performance. Our paradigm combined high-talker variability stimuli and reinforcement-driven learning via trial-by-trial feedback. These training components have been previously found to direct participant attention to category-relevant acoustic cues and lead to long-lasting behavioral retention [37] [38] [39] . Animal models have demonstrated that receptive field properties of neurons in the primary auditory cortex (A1) [40, 41] and the inferior colliculus [42] undergo task-related changes in stimulus-response strength as a result of associative learning. These changes have been connected to dopaminergic projections to A1, activated by associations between incoming stimuli and reinforcers (e.g., reward or punishment) [43, 44] . In line with these findings, a neuroimaging study in adult humans showed that reward-based neural circuitry (i.e., caudate, putamen, and ventral striatum) is activated more in successful learners of a similar speech sound-to-category training task [13] . We posit that the combination of high-talker variability and reinforcement-driven learning, paired with a criterion-driven approach, facilitated behavioral mastery and retention of nonnative speech sound learning. This training regimen further led to non-tone-specific improvement in sensory encoding of non-native speech sound patterns.
Despite the different timescales for behavioral and neural plasticity, our findings reveal long-term retention beyond the period of training for both behavioral gains in non-native speech sound categorization and refined sensory encoding of incoming stimulus features. These results are consistent with prior work demonstrating long-term retention of training-induced receptive field reorganization within A1 following extensive auditory discrimination training [43] . Consistent with our findings, sensory encoding gains were observed 8 weeks post-training [41, 45] . In contrast, animal studies investigating auditory and motor training have demonstrated that while cortical plasticity emerges rapidly during learning, such changes may renormalize as behavior stabilizes [46, 47] . This body of work suggests that maintenance and retention of trained performance may be localized to specific neural circuitry rather than in retention of large-scale expansion of tissue in a given neural region [17, [48] [49] [50] . While our study cannot speak to the extent to which physiological changes in cortical plasticity were induced or retained, our results suggest that maintenance and retention of sensory encoding of incoming stimulus features, as reflected by the FFR, may be an outcome of training-induced rewired neural circuitry [51, 52] . Furthermore, we observed a strong relationship between patterns of sensory encoding and behavioral categorization at later learning phases and at retention (Figure 4 ). This strong correspondence suggests that while signal enhancement may not be critical during early stages of perceptual learning, such sensory plasticity is not epiphenomenal. Rather, in line with RHT, we posit that sensory plasticity may be a critical component of behavioral stability and flexibility. For example, under challenging listening conditions, experts may be able to leverage the enhanced signal-to-noise ratio to maintain stability in behavioral performance [53] .
Language-specific changes in perception and sensory encoding of speech sounds occur early in life; however, with intensive training adults can learn and retain a difficult non-native phonetic contrasts. Consistent with the RHT, we show that as adults learn non-native phonetic contrasts, sensory encoding is fine-tuned, and accompanies rather than drives expert levels of behavioral perceptual identification. We further provide evidence for training-induced neurophysiological changes in sensory encoding that relate to behavioral stability and endure beyond a period of intensive training. Our findings are in support of an emerging view that auditory perceptual learning is mediated by topdown processes that shape sensory signals through later learning phases [33] .
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EXPERIMENTAL MODEL AND SUBJECT DETAILS
Twenty-two native English speaking adults (12 female; mean age = 20.9 year, SD = 4.1 year) were recruited to participate in the training study. Two participants did not complete all learning stages. One participant chose not to finish the training before criterion was met. The other participant did not demonstrate significant learning in the first 12 days of participation in the experiment, and therefore never progressed beyond the novice stage of learning. This participant was provided a choice to terminate or continue training and chose the former. Fifteen native Mandarin Chinese speaking adults (10 female, mean age = 24.0 year, SD = 2.7 year) were recruited to participate in a single day of behavioral testing to establish learning criterion for the English learners. We collected frequency-following responses (FFRs) to the four Mandarin tones (described below) and perceptual identification data from 13 of these participants. The FFR data from the native Chinese participants reported in this article was presented in a recent methods-related publication as part of the development of a novel machine learning algorithm to study the FFR [54] . Native English speaking participants reported that they were monolingual and had no previous exposure to or experience with a tonal language. All participants reported no current or previous history of a neurodevelopmental disorder or hearing deficit and no use of neuropsychiatric medication. Participants had normal hearing defined as air conduction thresholds < 20 dB HL at octave frequencies from 250 to 8,000 Hz measured by an Interacoustics Equinox 2.0 PC-Based Audiometer. Previous evidence has shown that music training influences the neural representation of non-native linguistic pitch patterns [22, 59, 60] . Therefore, participants with significant musical experience were excluded from participation in this study (all participants had < 6 years of continuous music training and were not currently practicing 
METHOD DETAILS
Sound-to-Category Training Task
The sound-to-category training paradigm included high-talker variability stimuli and reinforcement via instructional feedback (Figure 1A) , two training components found to direct participant attention to category-relevant acoustic cues [37] [38] [39] , facilitating learning and long-lasting retention. The stimuli used in the speech training paradigm consisted of the four Mandarin lexical tones, which differ in their fundamental frequency (F0) contour: tone 1 (high-level), tone 2 (low-rising), tone 3 (low-dipping), and tone 4 (high-falling). Each tone was produced by two native Mandarin Chinese speakers (1 female), originally from Beijing, in the context of five syllables (bu, di, lu, ma, and mi). The 40 stimuli were normalized for root-mean-square (RMS) amplitude at 70 dB sound pressure level (SPL) and 440 ms duration. These stimuli were identical to the stimuli we have used in previous experiments [13, 24, 61] . Participants were instructed to categorize each stimulus into 1 of 4 categories by pressing the number keys (1, 2, 3 or 4) on a keyboard, corresponding to tone 1, tone 2, tone 3, and tone 4, respectively. No other instructions were provided. Each trial began with a fixation cross in the center of the screen for 750 ms. The stimulus was presented binaurally through Sennheiser HD 280 Pro circumaural headphones. After responding, participants were given feedback that was displayed for 1,000 ms. The responseto-feedback interval was fixed at 500 ms. The content of feedback was dependent on the accuracy of the response (''RIGHT'' versus ''WRONG''). Participants had unlimited time to respond, and the task moved on to the next trial once the participant input a response. Stimulus presentation, feedback, participant response, and reaction time (RT) measurement were controlled and acquired using MATLAB (The MathWorks, Natick, MA).
Dual-Task: Speech Categorization + Numerical Stroop
Participants simultaneously categorized Mandarin lexical tone stimuli while performing a numerical Stroop Task to test the emergence of 'automaticity' in performance [18, 19, 62] . Participants completed the dual-task during each learning phase (novice, experienced, over-trained) and at retention. The speech categorization stimuli in the dual-task were the same as those used in the sound-to-category training task. Participants were instructed that their goal was to remember which digit was larger in value, and which digit was larger in size. Each trial (80 trials in total) began with a fixation cross that appeared in the center of the screen for 750 ms. Two different digits (ranging from 2 to 8) were then randomly presented on the left and right sides of the screen at each trial as the tone stimulus was presented binaurally through Sennheiser HD 280 Pro circumaural headphones. One of the digits was displayed in a larger font relative to the other digit. At the end of each trial, participants would make a speech categorization response, as they did in the sound-to-category training and speech category generalization tasks. Before speech categorization, participants were cued either by the word ''Size'' or the word ''Value.'' If the cue was ''Size,'' the participant needed to indicate whether the digit of the larger size was on the right or the left of the fixation cross. If the cue was ''Value'' the participant needed to indicate whether the digit of the larger value was on the right or left of the fixation cross. Participants were instructed to focus on the new task and to perform the speech categorization task with the attentional resources they had left. Participants had unlimited time to respond and self-initiated to the next trial. Stimulus presentation, participant response, and RT measurement were controlled and acquired using MATLAB (The MathWorks, Natick, MA).
Generalization Task
The generalization task utilized an untrained set of 40 stimuli that were not used in the sound-to-category training task. The stimuli were derived from two untrained native Mandarin Chinese speakers (1 female), originally from Beijing, who produced the four Mandarin tones in citation form in the context of the same five syllables used in the training task. The 40 stimuli were normalized for RMS amplitude at 70 dB SPL and 440 ms duration. The trial procedure for the generalization task was consistent with the sound-to-category training task, with the exception that participants did not receive feedback after categorization responses. Participants had unlimited time to respond and self-initiated to the next trial. Stimulus presentation, participant response, and RT measurement were controlled and acquired using MATLAB (The MathWorks, Natick, MA).
Perceptual Identification Task
While tonal language speakers perceive discrete tone categories across a tone continuum, non-tonal language speakers do not [10] [11] [12] 63 ]. Compared to non-tonal language speakers, tonal language speakers demonstrate a steeper identification labeling curve (perceptual slope); and greater peak in identification reaction time (peak RT) at the category boundary, where between-category distinctions become ambiguous [10] [11] [12] 63] . To assess the training-induced changes in categorical perception of Mandarin lexical tone categories, participants completed a perceptual identification task during each learning phase (novice, experienced, over-trained) and at retention.
Stimuli consisted of a tone continuum identical to the continuum used in [63] , where tone tokens were created to differ minimally acoustically but could be perceived categorically by native tonal language speakers [63] . The continuum was constructed by generating seven 300 ms tokens ranging in equal steps from the level to rising Mandarin lexical tone F0 contours. The F0 contours of the tone continuum were modeled by seven linear functions (see [63] Figure 1C .
Each stimulus was presented binaurally to participants via insert earphones (ER-3; Etymotic Research, Elk Grove Village, IL). Participants were instructed to press '1' if they heard a ''level'' pitch, or '2 0 if they heard a ''rising'' pitch. No feedback was provided to the participants. Each of the seven stimuli was randomly presented to each participant 20 times for a total of 140 trials. Participants had unlimited time to respond. After the participant made a response, the task moved on to the next trial following a 1000 ms delay.
Electrophysiology
Participants completed an electrophysiology session at each learning phase (novice, experienced, over-trained) and during retention. We recorded the frequency-following response (FFR), which is a sound-evoked response that mirrors the acoustic properties of the incoming acoustic signal with remarkable fidelity [5, 15, [64] [65] [66] [67] . The FFR is considered an integrated response resulting from an interplay of early auditory subcortical and cortical systems [16, 17] , shows high test-retest stability [15, 24, 67, 68] , and robustly reflects long-term experience-dependent plasticity in native speakers of Mandarin [59, 69-71], as well as training-induced plasticity [5, 21, 22, 24, 64] . Stimuli The stimuli consisted of four 250 ms synthetic Mandarin lexical tones minimally distinguished by their F0 contour (tone 1, tone 2, tone 3, and tone 4). The synthesis was derived from natural male production data. These stimuli were not used in the sound-to-category training, dual-task, and speech category generalization task. The four tones were superimposed over the same syllable /yi/, and only differed in their F0 
Acquisition and Preprocessing
At each learning phase, participants sat in an acoustically attenuated booth and watched a muted movie or television show of their choice with subtitles. Electrophysiological responses to the Mandarin tone stimuli were collected using Ag-AgCl scalp electrodes, with the active electrode placed at the central zero (Cz) point, the reference at the right mastoid, and the ground at the left mastoid. Contact impedance was < 5 kU for all electrodes for all recording sessions, and responses were recorded at a sampling rate of 25 kHz using Brain Vision PyCorder 1.0.7 (Brain Products, Gilching, Germany). Alternating polarities of the stimuli were binaurally presented via insert earphones (ER-3; Etymotic Research, Elk Grove Village, IL), with an inter-stimulus interval jittered between 122 to 148 ms. Consistent with previous studies, participants were instructed to ignore the sounds, focus on the selected movie or television show, and refrain from extraneous movement. The four Mandarin lexical tones were presented in separate blocks, and the order of blocks was counterbalanced across participants. Stimulus presentation was controlled by E-Prime 2.0.10 software [55] .
The electrophysiological data were preprocessed with BrainVision Analyzer 2.0 (Brain Products, Gilching, Germany). Responses were offline bandpass filtered from 80 to 1,000 Hz (12 dB/octave, zero phase-shift). The bandpass filter approximately reflects the lower and upper limits of phase-locking along the auditory pathway that contributes to the FFR (auditory cortex, midbrain). Responses were then segmented into epochs of 310 ms (40 ms before stimulus onset and 20 ms after stimulus offset), and baseline corrected to the mean voltage of the noise floor (À40 to 0 ms). Epochs in which the amplitude exceeded ± 35 mV were considered artifacts and rejected. At each stage of learning, 1,000 artifact-free FFR trials (500 for each polarity) were obtained for each Mandarin lexical tone from all participants.
QUANTIFICATION AND STATISTICAL ANALYSIS Evaluation of Changes in Perceptual Identification of Tone Categories
We evaluated the extent to which perceptual identification of tone categories changed as a function of training, by obtaining three well-established measures from each subject at each learning phase: category boundary, the slope of the identification curve, and the peak of identification reaction time (RT). To calculate the category boundary and the slope of the identification curve, we fitted a logistic regression model on the tone identification function on an individual subject basis, consistent with prior work [63, 72] , with the following formula:
Where y refers to the proportion of participant responses that indicate ''rising'' pitch (ranging from 0 to 100%), x refers to the onset frequency of the stimulus' F0 contour, c refers to the category boundary where the proportion to report the tone as a ''rising'' pitch was 50%, and b refers to slope of the fitted logistic function and indicates the sharpness of the categorical boundary. Note that the tone identifications for ''level'' and ''rising'' responses are symmetrical, and therefore, only the ''rising'' responses were used in the current analysis. The model estimation procedures were conducted in R via the nlsLM function [56] that implemented the LevenbergMarquardt algorithm [73] to search for the optimal parameters (b and c) that provide the best fit between the logistic model and the actual value y. Identification reaction times (RTs), also referred to as behavioral speech labeling speeds, were calculated as listeners' mean response latency across trials at each learning phase. In line with [12] , RTs outside of 250-3500 ms were considered outliers and excluded from further analysis. To calculate the peak of identification RT, we estimated the difference of between-category perceptual sensitivity and within-category perceptual sensitivity [63] . Where between-category perceptual sensitivity was measured as identification RT from the categorical boundary (tone token 4) of the identification function; and within-category sensitivity was taken as the average identification RT near the ends of the tone continuum (tone tokens 2 and 6).
